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OPEN A meta-analysis of genome-wide

association studies revealed
significant QTL and candidate
genes for loin muscle area in three
breeding pigs

Wang Zhenyu?, Li Mengyu?!, Duan Dongdong?, Han Jinyil, Qiao Chuanmin®-2, Zhou Hao?,
Li Xinjian2, Zhou Shenping™?** & Xin Wenshui%2**

Loin muscle area (LMA) is an important production trait in pigs and is highly correlated with lean meat
percentage. However, the genetic architecture of LMA has not yet been fully elucidated. This study
conducted genome-wide association studies (GWAS) and meta-analyses of LMA in Duroc (n=337),
Landrace (n=662), and Yorkshire pigs (n=3,176) using imputed whole-genome sequencing to identify
new QTLs and candidate genes associated with LMA traits. A total of 108, 34, and 232 significant
variants were identified in the Duroc, Landrace, and Yorkshire populations, respectively. The meta-
analysis revealed 143 genome-wide significant SNPs and 276 suggestive SNPs, among which 213
were not identified in single population GWAS. Notably, 229 and 413 SNPs were located on SSC16 in
the Yorkshire population and meta-analysis, respectively. Based on the 2-LOD drop-off interval, the
SSC16 QTL in the Yorkshire population was further narrowed to a 679.835 kb interval (from 32.818 Mb
to 33.498 Mb). The most significant variant within this QTL, 16_33228254 (P=4.45x10~°), explained
1.11% phenotypic variance, representing a potential novel locus for LMA. Further bioinformatics
analysis determined seven promising candidate genes (NDUFS4, ARL15, FST, ADAM12, DAB2, PLPP1,
and SGMS2) with biological processes such as myoblast fusion and positive regulation of transforming
growth factor beta receptor signaling pathway. Among them, ARL15 was previously reported in LMA
studies, while the other six genes represent novel candidate genes. These findings reveal potential
functional genes and pathways associated with LMA, providing valuable insights for future genetic
improvement in pigs.
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The Loin muscle area (LMA) is a crucial economic trait in pig carcass characteristics. Numerous studies have
shown a significant positive correlation between LMA and lean meat percentage (LMP)"2, with LMP being a
key factor that directly impacts the profitability of the pig industry. Although traditional genetic improvement of
carcass and growth-related traits has made some progress in recent decades®, significant challenges remain in
fully understanding the biological mechanisms underlying these complex traits. If LMA can be improved at the
molecular level, it would significantly accelerate the breeding process for this trait. However, a critical step in this
process is the identification of key genes or mutation sites that influence the target trait.

Genome-wide association studies (GWAS) have become a powerful tool for uncovering causal variations
in complex traits>®. GWAS has been extensively applied to identify candidate genes affecting growth’=,
reproduction'®12, and carcass traits'>!* in pigs. However, the effectiveness of GWAS is influenced by several
factors, such as the number and coverage of SNPs, genetic background, and the genetic architecture of the
traits!>1®. Typically, as sample size and SNP density increase, the power of GWAS to detect SNPs associated
with phenotypes also increases, reducing false positives!”!8. Despite the decreasing cost of resequencing,
performing high-coverage sequencing on thousands of animals remains expensive. Tong et al.!® utilized a
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high-quality WGS-derived haplotype reference panel to impute SNP 50K data to the WGS level, identifying
five new SNPs with significant signals in a subsequent GWAS. Therefore, imputing SNP chip genotype data to
the WGS level is a more efficient and cost-effective approach for GWAS. Additionally, population stratification
is a major factor influencing the power of GWAS?*?!. To minimize this issue, single-trait GWAS are often
conducted, but this approach leads to smaller sample sizes. Meta-analysis offers a solution by combining data
from multiple independent studies. For example, Jiang et al.??> conducted GWAS on reproductive traits across
four pig populations with different genetic backgrounds. The results showed that while single-trait GWAS did
not yield any significant findings, meta-GWAS identified 11 key loci associated with the target trait. Another
study on pig fat traits also demonstrated that cross-breed meta-GWAS identified five shared QTL across different
breeds?. Therefore, meta-GWAS is an effective approach for integrating data from multiple populations and for
elucidating the genetic architecture of complex traits®*.

In this study, we used data from 4,175 pigs from China, including three breeds: Duroc, Landrace, and
Yorkshire. This study aimed to identify novel significant SNPs and candidate genes associated with LM A through
GWAS and meta-analysis. The results can provide valuable insights into the genetic improvement of pig carcass
traits.

Results

Phenotype and heritability

As shown in Table 1, the heritability of LMA across the three breeds ranged from 0.40 to 0.63, indicating that
genetic selection can effectively enhance this trait. Additionally, LMA was adjusted to the values at 100 kg body
weight to facilitate comparisons between breeds. The coefficients of variation for adjusted 100 kg LMA across the
three breeds ranged from 10.01% to 10.81%, suggesting considerable genetic potential for improving LMA. The
adjusted 100 kg LMA values for Duroc, Landrace, and Yorkshire pigs were 43.05, 34.87, and 31.53, respectively,
with significant differences observed between breeds (P<0.001) (Table 1).

Single-population GWAS

The animals in this study were sourced from three different pig breeds. Principal component analysis (PCA) was
conducted to identify potential population stratification (Fig. 1). The PCA plot shows that Duroc, Landrace, and
Yorkshire pigs formed three distinct clusters, indicating that the three populations have relatively independent
genetic backgrounds. Consequently, a univariate linear mixed model was used to perform a single-population
GWAS analysis for LMA in each population. Additionally, to assess the presence of potential false positive signals
in the GWAS results, we calculated the genomic inflation factor (A). The A values for each population ranged
from 0.996 to 1.04, and the Q-Q plots showed no signs of inflation, indicating no population stratification and
that the GWAS results are reliable (Supplementary Fig. S1).

A total of 374 SNPs were identified in this study (Fig. 2B, Table 2 and Supplementary Table S6). In the
Duroc pig population, 108 suggestive variants were detected to be associated with LMA. In the Landrace pig
population, 34 suggestive variants were detected to be associated with LMA. In the Yorkshire pig population,
192 suggestive and 40 genome-wide variants were detected to be associated with LMA (Fig. 2C and Table 3).
Notably, 190 suggestive and 39 genome-wide significant variants were located on SSC16 from 31.98 to 33.49Mb
in the Yorkshire population. Additionally, there were no overlapping significant SNPs between the three pig
populations (Fig. 3A).

QTL defined on SSC16 in the Yorkshire population

To fine-map the SSC16 QTL associated with LM A, we reanalyzed the GWAS results from the Yorkshire pig
population. Based on the 2-LOD drop-off interval, the empirical confidence interval for the QTL was determined
to be 679.835 kb from 32,818,583bp to 33,498,418bp (Table 2). Within this QTL region, a total of 225 significant
SNPs were identified, with 39 of them reaching genome-wide significance. The top SNP at 33.22 Mb, 16_33228254
(P=4.45%10"°), explained 1.11% of the variation in LMA (Table 2 and Fig. 4). Additionally, we performed
ANOVA to analyze the relationship between the top SNP genotypes and adjusted 100 kg LMA. The results
showed significant phenotypic differences among the AA, AC, and CC genotypes (P<0.001). The adjusted 100
kg LMA for the AA genotype was 1.48 cm? larger than that for the CC genotype (AA: 31.91 cm?, CC: 30.43 cm?)

Population! | Trait? Num?® | Mean+SD* | C.V (%)° | h?+SE®
Duroc LMA 337 44.70£5.89* | 13.18% 0.63+0.11
Adjusted 100 kg LMA | 337 43.05+4.31* | 10.01% 0.62+0.11
Landrace LMA 662 35.28+4.36° | 12.36% 0.40+0.07
Adjusted 100kg LMA | 662 34.87+3.69° | 10.58% 0.48 +£0.04
Yorkshire LMA 3,176 | 32.77+4.68° | 14.28% 0.48+0.07
Adjusted 100 kg LMA | 3176 31.53+3.41° | 10.82% 0.45+0.03

Table 1. Phenotype statistics for LMA (cm?) and adjusted 100kg LMA in three pig populations. Duroc pig
(Duroc), Landrace pig (Landrace), Yorkshire pig (Yorkshire). *The loin muscle area at a body weight of 100 kg
(adjusted 100 kg LMA). *Number (Num). “Mean * Standard deviation (Mean  SD). *Coefficient of variation
(C.V.) ®Heritability + Standard deviation (h?+ SE). *“Different lowercase letters indicate significant differences
between the same phenotype across different breeds (P<0.001).
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Fig. 1. PCA plot of population structure showing the top two principal components. PC1: principal
component 1; PC2: principal component 2. The purple dot represents the Duroc pigs; the triangle represents
the Landrace pigs, and the rhombus represents the Yorkshire pigs.

(Fig. 4B,C; Supplementary Table S1). Therefore, this QTL region may represent a strong association with LMA.
Furthermore, this QTL region contains two annotated genes: NDUFS4 and ARLI15.

Meta-analysis across population by trait

To improve the statistical power of the GWAS and reduce false positives, we conducted a meta-analysis of the
LMA trait GWAS across three pig populations. This study identified 419 significant SNPs through meta-analysis
(Fig. 2D, Table 3 and Supplementary Table S6), of which 143 reached genome-wide significance. Compared
to individual population GWAS, the meta-analysis detected more SNPs (419 vs. 374), with 213 SNPs not
identified in any of the single-population GWAS (Fig. 2D, Table 3, and Fig. 3B). Additionally, the meta-analysis
confirmed 206 SNPs previously detected in single-population GWAS, with 79.1% of those SNPs showing lower
P-values than in the individual population GWAS (206 SNPs vs. 163). Using linkage disequilibrium analysis,
two independent QTLs were precisely mapped within this region (QTL-1: 24,675,594-24,877,580 bp; QTL-2:
32,809,194-34,749,572 bp) (Supplementary Fig.S2). Overall, the meta-analysis improved detection efficiency by
identifying SNPs that were missed in single-population GWAS.

Notably, both the meta-analysis and the Yorkshire pig population detected several significant SNPs on SSC16
(meta-analysis: 229; Yorkshire:413). Moreover, there is overlap between the genomic regions of these significant
variants (24.67 ~34.74 Mb vs. 31.98 ~ 33.49 Mb). These findings further indicate that the QTL on SSC16 may be
a critical region influencing pig LMA.

Comparison with previously mapped QTL in pigs

To evaluate whether QTLs associated with LMA traits in this study replicate any previously known QTLs, the
pigQTLdb was searched on the basis of SNP and QTL locations. In this study, a total of 587 variants associated
with LMA were identified through both single-population and meta-analyses. Among these, 440 SNPs overlapped
with findings from previous studies, while 174 SNPs were novel discovered (Supplementary Table S1).

Functional annotation of candidate genes

This study identified a total of 587 SNPs significantly associated with LMA. All significant variants were
annotated using VEP. For LMA, 17 candidate genes were identified. KEGG and GO analyses were conducted
to highlight the pathways and biological processes associated with LMA in pig (Supplementary Table S2). For
LMA, enrichment analysis of the candidate genes using KEGG and GO primarily highlighted pathways related
to myoblast fusion and the positive regulation of the transforming growth factor P receptor signaling pathway.

Discussion

Single-population GWAS versus meta-analysis of GWAS

In this study, according to the PCA results, three populations came from different genetic backgrounds, so single-
population GWAS was performed on LMA. For the eye muscle area trait, 108, 34, and 232 SNP were detected in
the GWAS of Duroc, Landrace, and Yorkshire populations, respectively. It is worth noting that no overlapping
SNPs were detected for LMA traits in the three populations. Many previous studies have also detected that there
are no or only a small number of shared SNPs among different varieties or different populations within the same
breed. For example, Jiang et al.>> conducted GWAS on the backfat thickness and body weight of 2,025 Yorkshire
pig populations in the United States and the United Kingdom reaching 100 kg age, and no significant SNPs
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Fig. 2. Manhattan plots of GWAS and meta-analysis for LMA in the Duroc, Landrace, Yorkshire pig
populations. The solid and dashed lines in the Manhattan plots represent the significant and suggestive
thresholds, respectively. Manhattan plot of LMA for (A) Duroc pig (Duroc), (B) Landrace pig (Landrace), (C)
Yorkshire pig (Yorkshire), and (D) Meta-analysis, respectively.

shared by these two populations were detected. Zhou et al.?® conducted a GWAS on body measurement traits
(chest circumference, loin circumference, and abdominal circumference) in 4,288 Duroc pigs from the United
States and Canada using 50K SNP chips but did not identify any significant SNPs or QTLs shared between
the two populations. The above research results may be due to different genetic backgrounds, SNP densities,
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16 2 0 64.69-64.69 16_64693456 | 9.53x 1077 | 7.26
Duroc

18 106 | 0 5.38-5.46 185401201 | 6.11x107% | 4.52

8 1 0 114.12 8114124135 | 7.39x1077 | 3.71

9 31 |0 119.54-119.56 | 9_119562660 | 1.79x 1077 | 4.11
Landrace

10 1 0 66.7 10_66703841 | 5.75x 1077 | 0.80

16 1 0 75.66 16_75669256 | 3.74x 1077 | 0.84

2 2 0 145.085 2145085357 | 2.68x10°% | 1.00
Yorkshire 3 1 0 40.95 340956637 | 5.19x107 | 0.79

16 229 |39 |31.99-33.50 16_33228254 | 4.45%x107° | 1.11

Table 2. Significant SNPs for LMA in the single-breed GWAS. 'Duroc pig (Duroc), Landrace pig (Landrace),
Yorkshire pig (Yorkshire). 2Sus scrofa chromosome (SSC). *N: number of significant SNPs (P< 1.00 x 107°).
4M: number of significant SNPs (P <5.00 x 107%). >Position: range of significant SNP in Ensembl. *Phenotypic
variation explained (PVE).

3 1 0 40.95 3_40956637 5.20x1077
11 1 0 3.82 113824308 5.78x 1077
14 2 0 135.34-135.37 | 14_135369912 | 6.32x 1077
16 413 | 143 | 24.68-34.75 16_33319731 [ 2.08x10713
18 2 0 4.50-4.51 18_4504751 8.20x 1077

Table 3. Significant SNPs for LMA in the GWAS meta-analysis. !Sus scrofa chromosome (SSC). 2N: number of
significant SNPs (P < 1x 1075). *M: number of significant SNPs (P <5 x 10-8). *Position: range of significant SNP
in Ensembl.

Landrace Single-breed Meta-analysis

213

230,

Yorkshire

Fig. 3. Venn plot showing relationships of the identified SNPs in this study. (A) GWAS for Duroc, Landrace,
and Yorkshire pig; (B) Single-breed and meta-analysis GWAS.

and other factors among populations. In this study, the Duroc (n=337) and Landrace (n=662) populations
had smaller sample sizes compared to the Yorkshire population (n=3,176), resulting in a higher number
of significant SNPs detected in Yorkshire (significant SNPs: 232) than in Duroc (significant SNPs: 108) and
Landrace (significant SNPs: 34). Therefore, increasing sample size improves the statistical power of GWAS!6-27:28,
However, most studies have focused on specific breeds, which may limit the applicability of molecular markers
across different populations.

A meta-analysis can integrate multiple single-population GWAS results, improve detection efficiency, reduce
false positive results, and even identify some new gene loci*#?° .Studies have shown that meta-analysis has better
statistical power than mixed populations. Therefore, this study conducted meta GWAS on LMA traits in three
populations. The results showed that the significant SNPs detected by meta-analysis were significantly higher
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Fig. 4. Local Manhattan plot and the adjusted 100 kg LMA for different genotypes at the top SNP. (A) Local
Manhattan plot (the blue triangle indicates top SNP). The red line represents the peak LOD score (-log P)
minus 2 (P=4.45x 1077), while the dark blue line indicates the suggestive significance threshold (P<1x107°).
(B) Adjusted 100 kg LMA for different genotypes at the top SNP. *** indicates significant differences in one-
way ANOVA (P<0.001).

than those detected by single-population association analysis. In addition, meta-GWAS analysis also detected
some SNPs that were not detected in a single population GWAS, including 105 significant SNPs associated with
LMA. This is consistent with previous research findings. For example, Zhou et al.*° conducted single-trait and
multi-trait GWAS and meta-GWAS based on the average daily weight gain and lean meat percentage traits of
different Duroc populations, and the results showed that meta-GWAS had higher detection efficiency compared
to mixed population GWAS. Guo et al.*! conducted single-trait, multi-trait GWAS, and meta-GWAS on nine
fat and growth traits of 2,004 pigs from four different populations. The results showed that both multi-trait
methods and meta-analysis improved the effectiveness of GWAS. It is worth noting that the direction of the
B-effect values for the significant loci in each individual population is largely consistent with the direction of
the Z-effect values. Further comparison of the p-values across the three populations revealed that only one p-
value direction was inconsistent among the 207 loci (excluding missing loci). This result indicates that there are
loci that jointly influence the LMA trait across the three populations. In summary, meta-analysis expanded the
sample size by integrating multiple independent studies, improved the testing effectiveness of GWAS, identified
some additional SNPs, and also confirmed some SNPs detected in a single population GWAS.

QTL defined on SSC16 in the Yorkshire population
To identify candidate regions associated with LMA, we conducted genome-wide association analyses across
three pig populations. Using the 2-LOD drop-off interval method, we identified a QTL strongly associated
with LMA on SSC16 in Yorkshire pigs, spanning approximately 679.835 kb (from 32.81 Mb to 33.49 Mb).
Additionally, the meta-GWAS analysis identified a QTL on SSC16 that is strongly associated with LMA. Linkage
disequilibrium analysis further refined this region, leading to the precise mapping of two independent QTLs
(QTL-1: 24,675,594—24,877,580 bp; QTL-2: 32,809,194—34,749,572 bp). Notably, previous studies have
reported QTL regions associated with LMA on SSC16 in different crossbred populations, spanning from 24.3
cM to 44.8 cM and 24.3 cM to 92.6 cM*>¥, respectively. In this QTL region, Zhuang et al.**, identified a 709 kb
QTL associated with LMA (from 33.46 Mb to 34.36 Mb) in two Duroc populations based on 50k SNP chip data.
Interestingly, Fan et al.? also identified an LM A-associated SNP (rs81458278) in the same region using 60k SNP
chip data in Yorkshire and Yorkshire x Landrace populations, a finding that was confirmed in our results.
Compared to previous studies, this study utilized imputed resequencing data and a larger sample size, which
enhanced the detection power for QTL identification. However, despite narrowing the QTL interval, most of
the significant variants were located in non-coding regions, limiting the identification and validation of causal
variants. Many GWAS studies have reported that a substantial proportion of significant variants are located in
non-coding regions, which often serve as regulatory elements influencing gene expression rather than directly
altering protein-coding sequences®**” These non-coding variants may reside in enhancers, promoters, or other
regulatory regions that modulate gene activity through interactions with transcription factors and chromatin
structure, ultimately affecting phenotypic traits such as muscle development®®. Therefore, future studies will
employ integrative multi-omics approaches, such as ATAC-seq for chromatin accessibility, ChIP-seq for histone
modifications, and whole-genome bisulfite sequencing for DNA methylation, to elucidate the regulatory
mechanisms underlying these variants.
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Candidate genes and function analyses

A total of 17 functional genes were located within or near the significant SNP loci identified in this study. Further
gene enrichment analysis of these 17 genes revealed seven candidate genes associated with LMA: NDUFS4
(ubiquinol-cytochrome c reductase subunit S4), ARL15 (ADP-ribosylation factor-like GTPase 15), FST (follicle-
stimulating hormone), ADAM12 (ADAM metallopeptidase domain 12), DAB2 (DAB adaptor protein), PLPP]
(phospholipid phosphatase 1), and SGMS2 (sphingomyelin synthase 2).

In this study, a major QTL influencing LMA was identified on SSC16 in the Yorkshire pig population. All
significant SNPs within this QTL region were annotated using the VEP, revealing two key genes: NDUFS4 and
ARLI5. Among these, 86 significant variants were located upstream, downstream, and within the 3° UTR and
intronic regions of the NDUFS4 gene (Table 3 and Supplementary Table S6). GO analysis revealed that this
gene is involved in the positive regulation of fibroblast proliferation. Interestingly, studies on intramuscular
fat (IMF) deposition have shown that NDUFS4 is more highly expressed in pigs with higher IMF content,
suggesting its potential role in muscle metabolism and fat deposition®. Additionally, research has demonstrated
that NDUFS4 is one of the key genes associated with mitochondrial function, and mutations or disruptions
in this gene can impair energy production, potentially leading to muscle weakness, loss of muscle mass, and
growth retardation®®*!. Similarly, 155 significant variants were located upstream, downstream, and within
the 3> UTR and intronic regions of the ARLI5 gene (Table 3 and Supplementary Table S6). ARLI5 has been
reported to positively regulate TGF-p family signaling by enhancing the assembly of the Smad4 complex*2. TGF-
B signaling has been shown to be essential for restricting myoblast fusion in mammals, determining the number
of myonuclei and the size of muscle fibers®.

Four significant SNPs on SSC16 were located in the intronic and regulatory regions of the FST gene (Table 3
and Supplementary Table S6). It has been reported that follicle-stimulating hormone binds to several members
of the transforming growth factor-f (TGF-f) superfamily, such as myostatin (Mstn) and activin (Act), making
it a crucial regulator of skeletal muscle growth and fat deposition. Studies in knockout mice have shown that
FST promotes muscle hypertrophy by inhibiting Mstn and Activin while enhancing satellite cell proliferation®*.
Additionally, Long et al.** demonstrated that specific expression of FST in the skeletal muscle tissue of transgenic
pigs promoted muscle growth and reduced fat deposition. These findings suggest that FST may play a pivotal role
in muscle growth and should be considered a strong candidate gene for LMA. Two significant SNPs on SSC14
(14_135344062, 14_135369912) were identified as intronic variants of the ADAMI2 gene. GO analysis revealed
that this gene is involved in the myoblast fusion process. The growth and development of skeletal muscle depend
on the process of myoblast fusion. Myoblasts are precursor cells of skeletal muscle, and during muscle fiber
formation, they coordinate their proliferation, migration, and fusion through signaling pathways such as TGF-p/
BMP and Wnt/p-catenin, ultimately forming mature skeletal muscle fibers*. Lafuste et al.*’ reported that both
ADAMI2 and a-9f1 integrin are expressed during postnatal human myogenic differentiation, suggesting that
ADAMI2 participates in regulating mammalian myoblast fusion through its interaction with a-9f1 integrin.
Therefore, ADAM12 should be considered a strong candidate gene for LMA. A significant SNP (16_24675594)
was identified as an intronic variant of the DAB2 gene. GO analysis revealed that this gene is associated with the
positive regulation of the transforming growth factor beta receptor signaling pathway. Shang et al. reported that
DAB?2 is a positive regulator of early myoblast differentiation. These findings suggest that DAB2 may influence
muscle growth and development by regulating early myoblast differentiation, and it should be considered a
strong candidate gene for LMA.

Notably, in this study, four significant SNPs on SSC16 were identified as intronic variants of the PLPPI gene,
while one significant SNP on SSC8 was identified as an intronic variant of the SGMS2 gene (Table 4 at the
end of the document text file). Term and pathway analyses revealed that both genes are primarily associated
with sphingolipid metabolism and sphingomyelin biosynthesis (Fig. 5, Supplementary Table S2). Research has
shown that sphingolipids regulate the proliferation, differentiation, growth, and apoptosis of skeletal muscle
cells*®*. In another study on age-related muscle dysfunction, it was reported that sphingolipids accumulate in
aging skeletal muscle, disrupting muscle function by altering cell membranes and affecting signaling pathways
involved in muscle maintenance and regeneration. Further experiments indicated that reducing sphingolipid
levels counteracted muscle loss®®. These findings suggest that PLPP1 and SGMS2 may play roles in muscle
growth and development and should be considered candidate genes. Additionally, the significant terms and
pathways identified in this study were related to fat digestion and absorption, adiponectin levels, and visceral
fat, suggesting a potential link between LMA and fat traits. It is well known that LMA is a key indicator of
LMP. Numerous studies have confirmed that lean meat percentage is positively correlated with muscle mass and
negatively correlated with subcutaneous fat®!. Therefore, the author speculates that fat may also be one of the
factors affecting LMA, and further experimental verification is needed.

Conclusions

Using imputed resequencing data, we conducted single-trait GWAS and meta-analysis on LMA traits in 4,175
pigs from three populations. A total of 374 significant variants associated with LMA were identified across the
three populations, with an additional 213 variants identified through meta-analysis. Notably, a QTL associated
with LMA was detected on SSC16 in the Yorkshire population, spanning 679.835 kb. Compared to previous
studies, our results significantly narrowed the QTL interval. A series of bioinformatics analyses revealed several
functional genes associated with LMA, particularly those involved in regulating muscle growth and myoblast
fusion. NDUFS4, ARL15, FST, ADAM12, DAB2, PLPP1, and SGMS2 were identified as the most promising
candidate genes for LMA traits in pigs. These findings provide new insights into pigs genetic architecture of
LMA traits. Furthermore, some key variants or QTLs associated with LMA identified in this study may be
helpful to for marker-assisted selection in pig breeding.
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SSC! | Candidate genes | Position (Mb)? | N> | Consequence
8 SGMS2 114.12 1 intron_variant
14 ADAMI2 135.34-135.37 |2 intron_variant
downstream_gene_variant
16 ARLI5 33.11-33.55 155 | intron_variant
3_prime_UTR_variant
CDC20B 34.32-34-34 2 intron_variant
DAB2 24.68 1 intron_variant
DHX29 34423447 |15 | downstream_gene variant
intron_variant
EBF1 64.69-64.69 2 intron_variant
ST 3281-3282 |4 | hronvarant 4
ownstream_gene_variant
GPX8 34.34 1 downstream_gene_variant
HSPB3 33.72 1 upstream_gene_variant
MTREX 3460-3461 |2 | hronvarant 4
ownstream_gene_variant
3_prime_UTR_variant
NDUFS4 32.87-32.99 |86 | downstream._gene variant
intron_variant
upstream_gene_variant
PLPPI 34.61-34.73 4 intron_variant
SKIV2L2 3460-3461 |2 | hronvarant 4
ownstream_gene_variant
SLC38A9 34.67-3475 |4 |Dronvarant .
non_coding_transcript_variant
SNX18 33.83-33.84 2 intron_variant
intron_variant
5_prime_UTR_variant
missense_variant
18 GALNTL5 5.39-5.46 106 | splice_region_variant
splice_polypyrimidine_tract_variant
synonymous_variant
synonymous_variant

Table 4. Candidate genes for LMA in the single-breed GWASs and meta-analysis. !SSC: Sus scrofa
chromosome. 2Position: Range of significant SNP in Ensembl. °N: Number of significant SNP.

intracellular steroid hormone receptor signaling pathway
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Materials and methods

Ethics approval and consent to participate

In this study, all procedures involving animals followed the guidelines for the Care and Use of Laboratory
Animals. The Animal Care and Use Committee of the Sanya Institute, Hainan Academy of Agricultural especially
approved this study. The phenotypic data and ear tissue samples of pigs used in this study were provided by the
at the Xinda Livestock Company Ltd., Henan, China, and written informed consent was obtained before data
collection from this company. The study was carried out in compliance with the ARRIVE guidelines.

Animals and phenotype collected

This study collected LMA data from 4,175 pigs (337 Duroc, 662 Landrace, and 3,176 Yorkshire) between 2016
and 2022 in the Xinda Livestock Company Ltd., Henan, China. During the feeding period, all three breeds
were raised under consistent feeding conditions and management practices to minimize the influence of non-
genetic factors. Experienced researchers used an Aloka 500V SSD ultrasound device (Corometrics Medical
Systems, USA) to collect LMA and backfat thickness (BF) phenotypes from the 10th to 11th rib of the pigs. This
diagnostic ultrasound system, along with its transducer, provided high-resolution images, and LMA and BF were
determined using specialized computer software. Additionally, to compare LMA across different populations,
we adjusted traits to the LMA at a body weight of 100 kg. A one-way analysis of variance (ANOVA) was then
performed using the R function to evaluate the differences in adjusted 100 kg LMA among populations®. The
adjustment formula is described as follows:

adjusted100 kg BF (mm) = Measured BF x CF

A
A+ B x (Measured BF — 100)

CF

where A and B is different for sex and breed, and the value is as follows Supplementary Table S5

(100 — Measuredweight) x Measured LM A

djusted100kg LM A (ecm?) = M dLMA
adjuste g (em’) easure + (MeasuredLM A + 70.308)

Genotyping and quality control

Genomic DNA was extracted from ear tissue using the standard phenol-chloroform method. In this study,
all animals were still raised until elimination after phenotypic measurement and ear tissue collection. These
animals were not anesthetized during the ear tissue collection. The quality of the DNA was assessed via UV
spectrophotometry (A260/280) and gel electrophoresis. Genotyping of 4,645 pigs was performed using a
50K chip, which includes 51,315 SNPs across the genome. Quality control (QC) was conducted using Plink
v1.90 software®® (Cambridge, MA, USA) to exclude markers not meeting the following criteria: (1) individual
genotype call rate below 95%, (2) SNP genotype call rate below 90%, (3) minor allele frequency (MAF) > 0.05,
and deviations from Hardy-Weinberg equilibrium (P<10E-6). SNPs located on sex chromosomes and
unplaced genomic regions were excluded from the study. After quality control, 37,006 SNPs were retained for
subsequent imputation. We increased genotype data to the whole genome resequencing level through a filling
strategy, with a reference population of 947 resequencing samples from 30 varieties'®. Genotype imputation was
performed using Beagle software (version 5.4)°. After imputation, the QC standard is consistent with the chip-
SNP genotype data, and qualified SNPs were used for subsequent analysis (Supplementary Table S3).

Population structure analysis

Principal component analysis (PCA) for all SNPs was conducted using GCTA software (v1.93)% to assess
population structure. We used the R package ggplot2®® to plot the PCA graph of the first two principal
components.

Single-population GWAS

GWAS was conducted using GEMMA software to analyze three breeds, employing a univariate linear mixed
model®’. Prior to GWAS, the genomic relationship matrix (GRM) between individuals was estimated using
GEMMA. The matrix form was applied to the following statistical model:

y=Wa+XB+u+e

where y refers to the vector of phenotype value; W refers to the vector of phenotype value; including factors
such as top five eigenvectors of PCA, sex, live weight, year-season, and batch; c is the vector of corresponding
coefficients including the intercept; X is the vector of marker genotypes; 3 is the corresponding effect size of the
marker; u an n x 1 vector of random effects w ~ MV N, (0, A7~ " K ); and ¢ is the vector of random residuals,
with € ~ MV N (0,77 In); A refers to the ratio between the two variance components; 7~ * is the variance
of the residual errors; K is a known nxn relatedness matrix calculated in previous step; and I is a known
nxn relatedness matrix calculated in previous step. MV N, denotes the n-dimensional multivariate normal
distribution. The SNP-based heritability (h% n p) for LMA, adjusted 100kg LMA was calculated using GCTA
v1.93.2 beta software> based on the GRM between individuals. The restricted maximum likelihood method
(REML) was used to fit the single trait animal model, and the top five classifiers of PCA, sex, live weight, year-
season, and batch were used as covariates. Additionally, we calculated the genomic inflation factor (A). We also
created quantile-quantile (QQ) plots using the R package rMVP>® to evaluate the GWAS results.
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Meta-analysis of GWAS

Meta-analysis was conducted using METAL software®® to combine the results of single-breed GWAS analyses.
METAL converts the effect sizes and P-values observed for each SNP in each population into Z-scores. In this
study, METAL combined the results of the two single-population GWASs by calculating the pooled inverse-
variance-weighted B-coeflicients, standard errors, and Z-scores, and the formulas were as follows:

se = 1/Zwi
B=> Bawi/ Y wi

Z =B/SE

where 3, is the B-coeflicients for study ¢; SE corresponds to the standard errors for study <. In the single-
population GWAS and meta-analysis, the Bonferroni correction method is typically used to determine the
significance threshold, specifically set at 0.05/N, where N represents the number of SNPs. However, Bonferroni’s
correction is overly stringent®. Additionally, we used the FDR method to determine the significance threshold;
however, it is too lenient and prone to generating more false positive results (FDR=0.01) (Supplementary Fig.
S$3). Assuming an equal number of independent haplotype blocks between pigs and humans, the human GWAS
studies suggest using 5.0 x 1078 as the significant threshold®!'¢2. Therefore, in this study’s single-population GWAS
and meta-analysis, we respectively set 5x 1078 and 1x 1076 as the genome-wide significance and suggestive
thresholds to correct for false positives arising from multiple testing®®. Manhattan plots were generated using
the R package rMVP.

QTL detection

To detect QTLs associated with LMA, the 2-LOD drop-off interval method was used. As described in previous
studies, one unit of -log (P-value) approximately corresponds to one unit of the log of the odds ratio (LOD).
All SNPs with LOD scores higher than the peak LOD score (-log P) of two within each SSC were retained®*.
Furthermore, To further analyze the effect of the QTL on LMA, we performed ANOVA using the R ano()
function to compare adjusted 100kg LMA among individuals with different genotypes at the most significant
loci within the QTL region.

Functional annotation of candidate genes

Annotation of genes nearest to significant SNPs was performed using the Variant Effect Predictor (VEP) module
from the Ensembl database (http://ensembl.org/Sus_scrofa/Info/Index). To explore candidate genes involved
in pathways and biological processes, KEGG (Kyoto Encyclopedia of Genes and Genomes) and GO (Gene
Ontology) analyses were conducted using KOBAS 3.0 (http://kobas.cbi.pku.edu.cn/kobas3)®°. To enhance the
reliability of gene function annotation, a more comprehensive and well-annotated human database was used
as the reference for functional enrichment analysis. The significance of enriched pathways was assessed with
Fisher’s exact test, with a threshold of P<0.05.

Data availability

The datasets generated and/or analyzed in this study are not publicly available since the test populations are
consisted of the nucleus herd of the pig breeding company, but are available from the corresponding author on
reasonable request.
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